This work proposes a new fault detection algorithm for photovoltaic (PV) systems based on artificial 9
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The monitoring and regular performance supervision on the functioning of grid-connected photovoltaic 24
(GCPV) systems is necessary to ensure an optimal energy harvesting and reliable power production. The 25 development of diagnostic methods for fault detection in the PV systems behaviour is particularly 26 important due to the expansion degree of GCPV systems nowadays and the need to optimize their 27 reliability and performance. 28
There are existing techniques which were developed for possible fault detection in grid-connected PV 29 systems. Some of these techniques use meteorological and satellite data for predicting the faults in the 30 GCPV plants [1 & 2] . However, some of the PV fault detecting algorithms do not require any climate data 31
(solar irradiance and module temperature) such as the earth capacitance measurements established by 32
Taka-Shima [3] . 33
Other PV fault detection algorithms is based on the comparison of simulated and measured yield by 34
analysing the losses of the DC side of the GCPV plant [4] [5] [6] . Furthermore, a fault detection method based 35
on the ratio of DC side and the AC side of the PV system is proposed by W. Chine et al [7] . The method 36
can detect five different faults such as faulty modules in a PV string, faulty DC/AC inverter and faulty plants and integrating a fault detection algorithm into an inverter without using simulation software or 41 additional external hardware devices. 42
Further fault detection algorithms focus on faults occurring in the AC-side of GCPV systems, as proposed 43 by M. Dhimish et al [9] . The approach uses mathematical analysis technique for identifying faulty 44 conditions in the DC/AC inverter units. Moreover, hot-spot detection in PV substrings using the AC 45 parameters characterization was developed by [10] . The hot-spot detection method can be further used 46
and integrated with DC/DC power converters that operates at the subpanel level. A comprehensive review 47 of the faults, trends and challenges of the grid-connected PV systems is shown in [11] [12] [13] . 48
Other PV fault detection approaches use statistical analysis techniques for identifying micro cracks and 49 their impact of the PV output power as presented by [14] . However, T. Zhao at al [15] developed a 50 decision tree (DT) technique for examining two different types of fault using an over-current protection 51 device (OVPD). The first type of fault is the line-to-line that occurs under low irradiance conditions, and 52
the second is line-to-line faults occurring in PV arrays equipped with blocking diodes. 53 PV systems reliability improvement by real-time field programmable gate array (FPGA) based on switch 54
failures diagnosis and fault tolerant DC-DC converters is presented by [16] . B. Chong [17] suggested a 55 controller design for integrated PV converter modules under partial shading conditions. The developed 56
approach is based on a novel model-based, two-loop control scheme for a particular MIPC system, where 57
bidirectional Cuk DC-DC converters are used as the bypass converters and a terminal Cuk boost 58 functioning as a while system power conditioner. 59
Nowadays, fuzzy logic systems widely used with GCPV plants. R 
The main contribution of this work is to present a new algorithm for isolation and identification of the 83 faults accruing in a PV system. The algorithm is capable to detect several faults such as faulty PV module 84 in a PV string, faulty PV string, faulty MPPT, and partial shading conditions effects the PV system. The 85
proposed algorithm is comparing between two different approaches for detecting failure conditions which 86
can be described as the following: 87 1. Artificial Neural Network (ANN) Approach: 88
Four different ANN networks have been compared using a logged data of several faulty 89 conditions affecting the examined PV plant. The maximum PV fault detection accuracy achieved 90
by the ANN networks is equal to 92.1%. 91 92
2. Fuzzy Logic Fault Classification Approach: 93
This approach consists of two types of fuzzy logic interface systems: Mamdani and Sugeno. Both 94 fuzzy interface systems were briefly compared and developed using MATLAB/Simulink 95
software. This approach was tested using a faulty PV data which was logged from the examined 96
1.1 kWp PV plant installed at the University of Huddersfield. 97
The overall system design is shown in Fig. 1 . The PV plant has a capacity of 1.1 kWp. A computer 98
interface has two options, a PV fault detection algorithms which use MATLAB/Simulink software which 99
contains the ANN and the fuzzy logic interface system. Furthermore, LabVIEW software is used for the 100 real-time long-term data monitoring as well as, data logging software environment. 101
This paper is organized as follows: Section 2 presents the data acquisition in the PV plant. Section 3 102
describes the methodology used, Fault detection algorithm and diagnosis rules are presented, while 103 section 4 lists the results and discussion of the work. Finally, section 5 describes the conclusion and future 104 
Faults in Photovoltaic Plants 106
The faults occurring in a PV system are mainly related to the PV array, MPPT units, DC/AC inverters, the 107 storage system and the electrical grid. This work aims to detecting the faults occurring in the PV array 108 and, with reference to Table 1 , eleven different fault are investigated. 109
It is worthy to mention that PS conditions used in this work corresponds to an irradiance level affects all 110 examined PV modules. Thus, during the experiments, all examined PV modules were tested under the 111 same PS conditions with different shading percentages (20%, 30%, etc.). 112
METHODOLOGY 113
This section reports the PV data acquisition system, PV theoretical modelling, the overall fault detection 114 algorithm, and the detailed design of the proposed artificial neural network and the fuzzy logic interface 115 system. 116
PV Plant and data Acquisition 117
The PV system used in this work consists of a grid-connected PV plant comprising 5 polycrystalline 118 silicon PV modules each with a nominal power of 220 Wp. 
Photovoltaic Theoretical Modelling 134
The DC side of the PV system is modelled using the 5-parameter model. The voltage and current 135 characteristics of the PV module can be obtained using the single diode model [29] as follows: 136 (1) 137
where ‫ܫ‬ is the photo-generated current at STC , ‫ܫ‬ is the dark saturation current at STC, ܴ ௦ is the 138 module series resistance, ܴ ௦ is the panel parallel resistance, ܰ ௦ is the number of series cells in the PV 139 module and ܸ ௧ is the thermal voltage and it can be defined based on: 140
where ‫ܣ‬ the ideal diode factor, ݇ is Boltzmann's constant and ‫ݍ‬ is the charge of the electron. 142
The five parameter model is determined by solving the transcendental equation (1) using Newton-143
Raphson algorithm [30] based only on the datasheet of the available parameters for the examined PV 144
module that was used in this work as shown in Table 1 . The power produced by the PV module in watts 145
can be easily calculated along with the current (I) and voltage (V) that is generated by equation (1), 146 therefore: 147
The Current-Voltage (I-V) and Power-Voltage (P-V) curves of the examined PV module is shown in Fig.  149 3(A) and Fig. 3 (B) respectively. Three different simulation results is explained at 1000, 500, and 100 150 W/m 2 . However, the simulation temperature remains at STC (25 °C). 151
The purpose of using the analysis for the I-V and P-V curves, is to generate the expected output power of 152 the examined PV module, therefore, it can be used to predict the error between the real-time long-term 153
PV measured data and the theoretical power and voltage performance. 154
Overall PV Fault Detection Algorithm 155
In order to determine the type of a fault occurred in our PV plant, two ratios have been identified. Power 156 ratio (PR) and voltage ratio (VR) have been used to categorise the region of the fault because both ratios 157 have the following features: 158 1) Both ratios are changeable during faulty conditions in the PV system 159
2) When the power ratio is equal to zero, the voltage ratio can still have a value regarding the 160 voltage open circuit of the PV modules 161
The power and voltage ratios are given by the following expressions: 162
where ܲ ௧௧ is the theoretical output power generated by the PV system, ܲ ௦௨ௗ is the measured 167 output power from PV string, ܸ ௧௧ is the theoretical output voltage generated by the PV system 168 and ܸ ௦௨ௗ is the measured output DC voltage from PV string. 169
Since the internal sensors of the MPPT have a conversion error rate of 95% as shown in Fig. 2 , the power 170 ratios are calculated at 5% error tolerance of the theoretical power which presents the maximum error 171 condition for the examined PV system. Therefore, the maximum and minimum power and voltage ratios 172 are expressed by the following formulas which contains the tolerance rate of the MPPT units and the total 173 number of PV modules in the PV string: 174
183
The normal operation mode region of the examined PV plant at STC is shown in Fig. 4 
187
As can be noticed from Fig. 4 case 2, the maximum partial shading condition detected by the irradiance 188
sensor is equal to 97.3%, therefore, the maximum PR is calculated as the following: 189
Fault Detection Algorithm Maximum PR = P ୲୦ୣ୭୰ୣ୲୧ୡୟ୪ P ୫ୣୟୱ୳୰ୣୢ × MPPT Tolerance Rate = 1100 23.66 × 95% ≈ 50
The value of the maximum PR is important because if the PR is greater than 50, then the fault detection 190 algorithm can specify whether a fault occurred in the MPPT unit or there is a complete disconnection of a 191
PV string from the entire PV system. In order to detect which type of fault accrued in the region of PR > 192 50. The value of the voltage ratio has been considered, two conditions is selected: 193 1. If VR ≥ 0, then a faulty PV string is detected 194
2. If VR = 0, then a faulty MPPT unit is detected 195 Furthermore, if the value of the PR does not lie within the normal operation mode region and it is not 196
higher than the PR max threshold (PR ≥ 50), then the value of the PR and VR is passed to the second part 197 of the fault detection algorithm which consists of two different machine learning techniques as shown in 198 Fig. 5 . 199
The first technique is the artificial neural network (ANN). In order to select the most suitable ANN model 200 structure, four different ANN models have been developed: 201
• 2 Inputs, 5 outputs using 1 hidden layers 202
• 2 Inputs, 5 outputs using 2 hidden layers 203
• 2 Inputs, 9 outputs using 1 hidden layers 204
• 2 Inputs, 9 outputs using 2 hidden layers 205 A brief illustration on the selection of the variables and ANN model structure is covered in the next 206 section (section 3.4). 207
The second machine learning technique used to detect possible faults occurring in the PV system is the 208 fuzzy logic. In this paper, two different fuzzy logic systems have been implemented: 209
• Mamdani-type fuzzy logic system interface 210
• Sugeno-type fuzzy logic system interface 211
The fuzzy logic systems are explained in section 3.5. Moreover, the type of the fault which can be 212 detected using the machine learning techniques are shown in Table 1 . 
ANN Model Implementation 214
The main objective of the ANN model is to detect possible faults in the examined PV system shown in 215 Fig. 2 . The ANN model has been developed as follows: 216
• Selection of input and output variables 217
• Data set normalization 218
• Selection of network structure 219
• Network training 220
• Network test 221
The input parameters used to configure all tested ANN models are the VR and PR ratios which can be 222 calculated using (8 & 9) respectively. The Data set (input variables) are normalized within the range of -1 223 and +1 using (10). 224 In order to select the most efficient architecture for the ANN model, a comparison between four different 229 ANN models have been performed where the structure of all tested ANN networks is the Radial Basis 230
Function (RBF) as shown in Fig. 6 . 231 ANN models A and B are using 2 inputs (VR & PR) and five outputs, where the hidden layers are equal 232
to one and two respectively. The purpose of increasing the hidden layers, is to increase the computational 233 performance of the ANN network, thus, increasing the detection accuracy (DA) of the ANN model. 
The implementation of the ANN network has been developed using MATLAB/Simulink software. ALL 276 results obtained from the ANN network is discussed briefly in the results section, where the maximum 277
obtained detection accuracy among all tested ANN models is equal to 92.1% for the ANN model which 278
contains 2 inputs, 9 outputs using 2 hidden layers. Moreover, the minimum Mean Square Errors (MSE) 279
achieved during the training and test processes are 0.005 and 0.007 respectively. 280 
Fuzzy Logic Model Implementation 281
In this study, the second machine learning technique used to detect faults in the PV system is the fuzzy 282 logic system interface. In order to select the most efficient model for the fuzzy logic system fault 283 detection interface, a comparison between two fuzzy models widely utilized for the classification of faults 284 have been performed: Mamdani fuzzy logic and Sugeno type fuzzy system. 285
Mamdani fuzzy logic systems commonly suited to human input interface. However, the Sugeno fuzzy 286 systems are well established using a linear weighted mathematical expressions. The main advantages for 287
both fuzzy logic systems are illustrated by the following: 288
Sugeno-type:
Mamdani-type: 289 -It is computational efficient.
-It is intuitive.
290
-It works well with linear techniques.
-It has widespread acceptance.
291
-It works well with optimization methods and -It is well suited to human input 292
Adaptive techniques. systems interface 293 -It has guaranteed continuity of the output 294
Interface surface. 295 Both implemented fuzzy logic systems are shown in Fig. 8 . The VR and PR ratios are used as input 296
variables for the fuzzy logic classification system, where VR and PR is calculated using (7 & 9) 297 respectively. The VR and PR regions are illustrated in Table 3 . As can be noticed, ten different regions 298
have been selected, where region 1 is the low partial shading (PS) condition. Whereas, region 4 is used 299
for a faulty PV module with high PS condition (50% ~ 97.3% PS). The minimum and maximum limits for 300 each region of the VR and PR is also shown in Table 3 , the defuzzification process for the input rules is 301 the centroid type. 302
All measurements for the theoretical VR and PR have been taken from a MATLAB/Simulink model 303
which is designed the same as the examined PV system presented in Fig. 2 with the consideration of all 304 PV parameters given in Table 2 . 305
After identifying the input variables VR and PR regions, it is required to set the rulers for the fuzzy logic 306 system interface. As shown in Fig 8 , Mamdani fuzzy logic system consists of ten different membership 307 functions (MF) which are described by the following: 308
• MF1: Low PS affecting the PV system 309
• MF2: High PS affecting the PV system 310
• MF3: One faulty PV module and low PS affecting the PV system 311
• MF4: One faulty PV module and high PS affecting the PV system 312
• MF5: Two faulty PV modules and low PS affecting the PV system 313
• MF6: Two faulty PV modules and high PS affecting the PV system 314
• MF7: Three faulty PV modules and low PS affecting the PV system 315
• MF8: Three faulty PV modules and high PS affecting the PV system 316
• MF9: Four faulty PV modules and low PS affecting the PV system 317
• MF10: Four faulty PV modules and high PS affecting the PV system 318 The Mamdani based system architecture is using the Max-Min composition technique with a centroid 319 type defuzzification process. 320
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Similarly, the fuzzy logic rules obtained for the Sugeno type fuzzy logic interface is equal to 10 as shown 321
in Fig. 8 . Where each rule presents the same rule as described in the Mamdani fuzzy logic system. The 322
Sugeno based system architecture is using the Max-Min composition technique with a centroid type 323 defuzzification process. 324
It is worth pointing out that a high number of fuzzy logic rules ensure both completeness and appropriate 325 resolution of the fault detection accuracy. However, a high number of fuzzy rules may lead to an over 326 parameterized system, thus reducing generalization capability and accuracy of detection the type of the 327 fault accruing in the examined PV system. Therefore, the number of fuzzy rules depends on the number 328 of input variables, system performance, the execution time and the membership functions. In this paper, 329
ten fuzzy logic rules were decided according to a sensitivity analysis made by varying the number and 330 type of the rule. A satisfactory level of performance was obtained after a tuning process, i.e. starting from 331
faulty PV module only and progressively modifying the fuzzy system to detect all possible faults the may 332 occur in the PV plant according to the faults types listed in Table 1 . 333
Both fuzzy logic systems rules are based on: if, and statement. The fuzzy rules are briefly listed in 334
Appendix A. Furthermore, the output surface for Mamdani and Sugeno fuzzy logic systems are plotted 335
and represented by a 3D curves as shown in Fig. 9 (A) and Fig. 9(B) respectively. Where the x-axis 336 presents the PR ratio, y-axis presents the VR ratio, and the fault detection output is on the z-axis. 337 
RESULTS AND DISCUSSION 338
This section reports the results of the developed fault detection algorithm. Furthermore, a comparison 339 between the developed machine learning techniques with some ANN and fuzzy logic systems obtained by 340 various researchers is briefly explained in section 4.4 (discussion section). 341
Experimental Data 342
In order to test the effectiveness of the proposed fault detection algorithm, a number experiments were 343 conducted. Table 4 shows a full day experimental scenarios which are applied to the PV plant, where the 344 perturbation process made to the PV system is shown in Appendix B. Each scenario lasts for an hour and 345 it contains a different condition applied to the examined PV system illustrated previously in Fig. 2 
. 346
As can be noticed, the data samples for both sleep and normal operation modes are not included in the 347 evaluation process of the machine learning techniques, since both scenarios can be detecte3d using the 348 mathematical regions explained in Fig. 5 . Furthermore, scenarios 3~5 and 7~11 are evaluated by the ANN 349 network and the fuzzy logic system, were the total number of sample for the faulty conditions is equal to 350 four hundred and eighty. Moreover, a comparison between the theoretical output power vs. the real time 351 long term measured data of the PV system during the tested faulty conditions are is shown in Fig. 10 . 352 
Performance Evaluation of the proposed ANN Networks 353
In order to verify the performance of the proposed ANN networks, the VR and PR ratios of 480 samples 354 illustrated in Table 4 have been used as an input for each ANN network shown previously in Fig. 6 . For 355
analyzing the effectiveness of each ANN network, Fig 11(A-D) shows the output classification confusion 356 matrices for the developed ANN networks. 357
The cells of each matrix with red and green colors presents the percentage of faults correctly and not 358 correctly classified by the ANN network respectively. Additionally, the fault classification number, fault 359 type and number of samples for each examined ANN network is shown in Table 5 . Moreover, the gray 360 blocks represents the total percentage of the detection accuracy in the column and row respectively. 361
In order to understand how to read the confusion matrices shown in Fig. 11 . The first confusion matrix 362 ( Fig. 11(A) ) will be explained in brief. In this figure, the first five diagonal cells show the number and 363 percentage of correct classifications by the trained network. For example, 118 samples for F1 (fault type, 364
shown in The overall detection accuracy of the confusion matrix could be calculated using the diagonal cells as the From the obtained results in Fig. 11(A) the minimum detection accuracy is associated with column 2, 382
where 75% of the samples are incorrectly classified. This situation occurred when 3 faulty PV modules 383
and PS affecting the PV module (F3) is classified as F2. And this happens when there is a rapid 384 drop/increase in the irradiance level or PS conditions affecting the examined PV modules. 385
Similar results obtained with the second ANN network (contains 2 outputs and 2 hidden layers) shown in 386 Fig. 11(B) . Where the percentage of the error in identifying F3 is increased to 83.3%, shown in column 2. 387
However, the overall detection accuracy of the second ANN network is increased to 77.7% comparing to 388 70.2% obtained by the first ANN network. This increase in the detection accuracy is due to the second 389 hidden layer which enables more training and validation computational process for the ANN network 390 before the testing phase. Fig.  11 (A) and Fig. 11(B ANN network 3 and 4 as shown in Fig.  11 (C) and Fig. 11(D As can be noticed, ANN networks one and two have low overall detection accuracy. As mentioned earlier 392 in section 3.4, this challenge was solved by adding new type of faults for the ANN network that allows 393
the ANN model to detect faulty PV modules only (No PS on the entire PV plant). 394 Fig. 11(C) describes the output classification confusion matrix of the third ANN network (contains 9 395 outputs and 1 hidden layer). The overall detection accuracy of the ANN network is equal to 87.5% where 396 the highest error is associated with F7 (row 7). This fault is related to the samples of F7 which are 397 classified as F8. This situation occurred when two faulty PV modules with high partial shading condition 398
is detected by the ANN network as three faulty PV modules with low PS condition affecting the entire PV 399 system. 400
The last ANN network contains 2 inputs, 9 outputs and 2 hidden layers. The overall detection accuracy of 401
the network is 92.1% which means that the ANN network detects accurately 442 samples out of 480, this 402 results is shown in Fig. 11(D) . 403
The highest error in identifying the type of the fault is associated with the samples of F6 being classified 404 as F1. The total percentage of error is equal to 10.3%, shown in column 1. Out of 120 samples, 8 sample 405
are incorrectly classified. This situation occurred when there is a high partial shading conditions applied 406 to the PV system including one faulty PV module. Based on the detected samples, this type of the fault is 407 classified as being F1 (PS affecting the PV system). 408
In conclusion, the obtained results of this section shows that the maximum detection accuracy of all 409 examined ANN networks is equal to 92.1% which is achieved by the fourth ANN network that includes 2 410 inputs, 9 outputs with 2 hidden layers. 
Performance Evaluation of the proposed Fuzzy Logic Systems 412
In order to test the effectiveness of the proposed fuzzy logic systems (Mamdani and Sugeno) the faulty 413 samples shown previously in Table 4 have been processed in each fuzzy system. Furthermore, the 414 implementation of the fuzzy logic systems are explained in section 3.5. 415 Fig. 12(A) shows the output membership function vs. the faulty samples which are equal to 480 for 417 Mamdani fuzzy logic system interface. Each faulty PV condition is labelled on the figure. As an example, 418 Fig. 11 . Classification Confusion Matrices for the Examined ANN Networks shown previously in Fig. 4. (A) 2 Inputs, 5 Outputs using 1 Hidden Layer, (B) 2 Inputs, 5 Outputs using 2 Hidden Layers, (C) 2 Inputs, 9 Outputs using 1 Hidden Layer, (D) 2 Inputs, 9 Outputs using 2 Hidden Layers M A N U S C R I P T
A. Mamdani Fuzzy Logic System: 416
(A) (B) (B) (D) (C)
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case 3 presents 20% partial shading condition affecting the PV module, for this particular PV faulty 419 scenario, the output of the fuzzy system is equal to 0.5, which is the region of PS condition illustrated in 420 Fig. 12(B) . Similarly, case 4 and 5 presents a faulty PV module with 20% and 40% PS respectively. Both 421 cases are within the same membership function region due to the low PS condition affecting the PV 422 modules, this situation is labeled as case 4 and case 5 on both Figs. 12(A) and 12(B) . 423
As can be noticed that all examined faulty conditions are accurately detected by Mamdani fuzzy logic 424 system. However, between case 7 and case 8 there is a small amount of error in detecting the region of the 425 fault, same result accruing between case 8 and case 9. This situation is occurring in the fuzzy system due 426
to the high number of faulty regions identified by the fuzzy system, additionally, the VR and PR ratios are 427 strongly depends on the performance of the voltage and current sensors used to detect the change in the 428 PV parameters (voltage, current and power). Therefore, the fuzzy logic system might need some extra few 429 seconds to start detecting the exact faulty occurring in the PV installation. Fig. 13(B) . Similarly, case 10 and 11 presents a three faulty PV modules with 20% and 0% PS 436
respectively. Both cases are within the same membership function region due to the low PS condition 437
affecting the PV modules, this situation is labeled as case 10 and case 11 on both Figs. 13(A) and 13(B). 438
From the result obtained by the Sugeno fuzzy logic system, all examined faulty conditions are accurately 439
detected. However, between case 7 and case 8 there is a small amount of error in detecting the region of 440 the fault. This situation is occurring in the fuzzy system due to the high number of faulty regions 441
identified by the fuzzy system, additionally, the VR and PR ratios are strongly depends on the 442 performance of the voltage and current sensors used to detect the change in the PV parameters (voltage, 443 current, and power). Similar error was also observed by the Mamdani fuzzy logic system between case 7 444 and case 8. 445
In conclusion, this section presents the behavior of the fuzzy logic systems developed for detecting faulty 446
conditions occurring in the 
Discussion 451
In this study, artificial intelligent network (ANN) and fuzzy logic system interface have been developed 452
for detecting faults in PV installations. However, the PV system used for analyzing the performance of 453 both machine learning techniques is considered as low capacity PV installation (1.1 kWp). For that 454
instance, the output of the fuzzy logic systems shows an accurate detecting accuracy (all examined faults 455
have been detected correctly) comparing to the ANN which has a maximum detection accuracy equals to 456 92.1% obtained for the fourth ANN structure which contains 2 inputs, 9 outputs using 2 hidden layers. 457
The input membership functions of the fuzzy logic system could be much complicated if the examined 458
PV installation has much more PV modules (~100 PV modules), since each PV module could affect the 459 overall input membership functions. 460
In order to test the effectiveness of the final detection accuracy obtained by the ANN network. The 461
proposed method has been compared with the ANN output results presented in [25] . The output confusion 462 matrix for both obtained studies are compared in Fig. 14(A) and Fig. 14 To the best of our knowledge, few of the reviewed articles used a fuzzy logic system to detect faults in 468 PV installations. Therefore, this is one of the novel contribution of this study. A compression between the 469 output membership functions developed by [1] and this study are shown in Fig. 15(A) and Fig. 15(B 
respectively. In [1] authors' are using Mamdani fuzzy logic system for enhancing the detection of partial 471
shading conditions effecting the PV plant. The proposed mathematical calculations of the fuzzy logic 472 system is also presented in Fig. 15(A) . Moreover, the fuzzy logic systems (Mamdani and Sugeno) 473
presented in this paper are used for detecting possible faults accruing in the examined PV system. The 474
overall detection accuracy of the proposed fuzzy systems is very high, since the examined PV system 475 The obtained results for the developed ANN network and the fuzzy logic system are compared in Table 5 . 477
The mathematical modelling on the ANN network is much simpler comparing to the creation of the fuzzy 478 logic membership functions, this situation is correct specially for large PV installations. However, the 479 ANN network does require a log of samples in order to validate and train the network while the fuzzy 480 logic systems does not require any log of data before creating the membership function, it just need to 481 update the mathematical modelling with the degradation rates of the MPPT units and/or any other 482 possible source for decreasing the overall efficiency of the PV system such as the DC/AC inverters. The overall detection accuracy for both machine learning techniques are high if they have been built 484
accurately. Finally, Table 6 shows some of the recent applications for ANN networks and the fuzzy logic 485 systems developed nowadays in PV plants. 486
CONCLUSION 487
This paper presents a new photovoltaic (PV) fault detection algorithm which comprises both artificial 488 neural network (ANN) and fuzzy logic system interface. The algorithm is capable for detecting various 489 fault occurring in the PV system such as faulty PV module, two faulty PV modules and partial shading 490 conditions affecting the PV system. Both machine learning techniques was validated using a 1.1 kWp PV 491 plant installed at the University of Huddersfield, United Kingdom. 492
The fault detection algorithm is using the variations of the voltage and power of the examined PV system 493 as an input for both ANN and the fuzzy logic system. In order to achieve high rate of detection accuracy, 494
four various ANN networks have been tested. The maximum overall detection accuracy was obtained is 495 equal to 92.1% from an ANN network which contains 2 inputs, 9 outputs using 2 hidden layers. 496
Additionally, two different fuzzy logic systems have been examined. Mamdani fuzzy logic system 497 interface and Sugeno type fuzzy system. Both examined fuzzy logic systems show approximately the 498 same output during the experiments. However, there are slightly difference in developing each type of the 499 fuzzy systems such as the output membership functions and the rules applied for detecting the type of the 500 fault occurring in the PV plant 501 M A N U S C R I P T
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The developed fault detection algorithm has been discussed and compared with various results obtained 502 from different references in the discussion section. Finally, further investigation of the proposed fault 503 detection algorithm is intended to be used with field programmable gate array (FPGA) platforms which 504 accelerate the speed of detecting possible faults occurring in PV systems. 505
Appendix A 506
Fuzzy logic rules applied for both Mamdani and Sugeno fuzzy logic systems interface: 507 • 1. If (Voltage-Ratio is 1) and (Power-Ratio is 1) then (Type-of-Fault-Detected is 1) (1) 508
• 2. If (Voltage-Ratio is 2) and (Power-Ratio is 2) then (Type-of-Fault-Detected is 2) (1) 509
• 3. If (Voltage-Ratio is 3) and (Power-Ratio is 3) then (Type-of-Fault-Detected is 3) (1) 510
• 4. If (Voltage-Ratio is 4) and (Power-Ratio is 4) then (Type-of-Fault-Detected is 4) (1) 511
• 5. If (Voltage-Ratio is 5) and (Power-Ratio is 5) then (Type-of-Fault-Detected is 5) (1) 512 • 6. If (Voltage-Ratio is 6) and (Power-Ratio is 6) then (Type-of-Fault-Detected is 6) (1) 513
• 7. If (Voltage-Ratio is 7) and (Power-Ratio is 7) then (Type-of-Fault-Detected is 7) (1) 514
• 8. If (Voltage-Ratio is 8) and (Power-Ratio is 8) then (Type-of-Fault-Detected is 8) (1) 515
• 9. If (Voltage-Ratio is 9) and (Power-Ratio is 9) then (Type-of-Fault-Detected is 9) (1) 516
• 10. If (Voltage-Ratio is 10) and (Power-Ratio is 10) then (Type-of-Fault-Detected is 10) (1) 517 
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